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Abstract 
Students starting their tertiary studies in Informatics are found to have a low level of algorithmic skills and understanding of 
programming, which leads to the high number of drop out students and failed semesters during their studies. The students’ low 
level of programming skills contrasts with their excellent results in the school leaving exams. To find out the reasons for this we 
have launched the TAaAS project (Testing Algorithmic and Application Skills), which focuses on the students’ algorithmic skills 
and programming ability in traditional and non-traditional programming environments. Our analyses proved that school leaving 
exams are not able to measure these abilities of the students, and beyond that, are not able to distinguish between the different 
levels of the students. Students are accepted into the universities and start their studies based on the misleading results of the 
school leaving exams. 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the Sakarya University. 
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1. Introduction 
As early as 1995 a new National Curriculum was introduced in Hungary including formal Computer 
Sciences/Informatics (CSI) education, which promised to deliver well-developed algorithmic skills. Since then 
digital competency and computational thinking is regarded as one of a child’s key analytical abilities and is intended 
to be developed both in formal CSI studies and in traditional school subjects. To support this concept, the structure 
of the traditional subjects was changed, formal CSI studies were introduced, and the connections between this new 
subject and the others were clearly stated. In addition to these fundamental changes, in 2005 a new system of school 
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leaving exams was launched with a double-purpose: serving both as the closing event of the primary and secondary 
studies and as the entrance exam to tertiary education.  
Based on these changes in the education system in support of the development of computational thinking (Wing, 
2006), the straightforward consequence would be that our students achieve a high level of algorithmic skills, 
especially those students who choose CSI as their major in tertiary education. However, the pattern is not this clear. 
Institutes in CSI tertiary studies are faced with the problem that the subjects and the level of the entrance exams are 
quite contradictory in terms of the requirements of CSI studies. The contradiction is further proved by the high 
number of drop out students and failed semesters. 
To clear up this misunderstanding we have launched a project entitled Testing Algorithmic and Application Skills 
(TAaAS), which focuses on the students’ algorithmic skills in comparison to their results in the school leaving 
exams (Biró & Csernoch, 2013a, 2013b, 2013c, 2014; Biró et al, 2014a, 2014b; Csernoch & Biró, 2013a, 2013b, 
2013c, 2014a, 2014b, 2014c; Csernoch et al, 2014). 
2. Sample 
2.1. Participating students 
The TAaAS project was launched in the 2011/2012 academic year, at the Faculty of Informatics at the University 
of Debrecen, Hungary, and has been running since then. In the following year the testing was repeated with students 
newly arrived at our faculty, while in the 2013/2014 academic year the project was widened, and three more 
Hungarian institutes joined (Eötvös Loránd University (ELTE, Budapest), Eszterházy Károly College (EKF, Eger), 
and the College of Nyíregyháza (NYF, Nyíregyháza) (Biró et al, 2014a, 2014b; Csernoch & Biró, 2013). 
In the following three years at the University of Debrecen (DE) three majors of Informatics were tested including 
a total of 950 students: Software Engineering (SOE), System Engineering (SYE), and Business Information 
Management (BIM) (Table 1). 
Table 1. The number of students at the Faculty of Informatics at the University of Debrecen, Hungary 
participating in the TAaAS project 
 SOE SYE BIM Sum 
2011/2012 115 86 109 310 
2012/2013 108 111 101 320 
2013/2014 115 115 90 320 
Sum 338 312 300 950 
2.2. The structure of the school leaving exams 
The school leaving exams (School leaving exams, 2014) serve both as the closing event of the primary and 
secondary studies and as the entrance exam for tertiary studies, and run at intermediate and advanced levels. There 
are four compulsory subjects – Mathematics, Hungarian, History, and a foreign language –, and at least one more, 
which is chosen by the students. It is the students’ choice at which level(s) they take the exams; however, tertiary 
education institutes indicate the required subjects and their levels. In order to start a tertiary course in CSI the result 
of the compulsory Mathematics school leaving exam must be taken into consideration. However, it is not 
compulsory to take the school leaving exam in Informatics, and this can be substituted with Physics in SOE and 
SYE, and with other subjects in Sciences in BIM. Furthermore, even the results of exams in Hungarian, History, and 
foreign languages are considered when calculating the results of the entrance exams for CSI studies. The Informatics 
school leaving exam runs at both levels, and they consist of a computational and an oral session. At intermediate 
level in the computational session only application problems have to be solved, while at advanced level there are 
more complex application tasks and one programming task. 
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The following question naturally arises in this context: how well is this system of school leaving exams able to 
measure the students’ algorithmic skills, their level of computational thinking, and their correct usage of terminology 
in CSI, all of which are requirements for tertiary CSI institutes? In sum, we can ask how well students are prepared 
for higher level studies in CSI. 
2.3. The tasks of the TAaAS project 
The TAaAS project was launched to test the students’ algorithmic skills in traditional and non-traditional 
programming environments, to reveal how the students approach programming problems in the different 
environments, and how they would relate the computer related problems to algorithms (Soloway, 1993; Warren, 
2004; Sestoft, 2010). We have selected three different environments to test the students’ algorithmic skills, two of 
which are rather traditional (Tasks 1 and 2), while one is a new programming environment (Task 3). 
2.3.1. Logical operators 
Task 1 is a traditional program code of a multilevel IF structure to test the students’ ability to recognize logical 
operators. The possible output of the program for the pairs of inputs is one of four whole numbers: 3, 2, 1 and 0. The 
source code is accompanied by a table of nine pairs of inputs and nine empty cells, where the selected output 
numbers have to be written. The presentation of the problem with the limited number of possible answers and the 
output table made the task quite easy (Fig. 1).  
You draw two cards (X, Y) from 
two packs. In both packs you can 
find cards with the letter A, cards 
with the letter B and cards with the 
number zero. Give the points in the 
last column of the table according 
to the algorithm given below. 
V:=X=”A” or Y=”A” 
W:=X=”B” or Y=”B” 
If V and W then Point:=3 
else If V then Point:=2 
else If W then Point:=1 
else Point:=0 
X Y Point 
A A  
A B  
A 0  
B A  
B B  
B 0  
0 A  
0 B  
0 0  
Fig. 1. The text, the program code and the output table of Task 1. 
2.3.2. Decoding pseudo codes 
The other traditional programming task of the test (Task 2) contains three pseudo codes which the students have 
to decode, and the results should be presented in semantically correct natural language sentences. Compared to 
Task 1, these problems are a lot more demanding. However, we have to note here that both tasks are borrowed from 
the Nemes Tihamér Hungarian national programming contest for 5–8th graders (Nemes, 2013). 
 
Task 2.1 DB:=0 
Loop from i=1 to N 
If X(i)>800 then DB:=DB+1 
End loop 
Task 2.2 DB:=0 
Loop from i=2 to N−1 
If X(i)<X(i−1) and X(i)<X(i+1) then DB:=DB+1 
End loop 
Task 2.3 M:=0 
Loop from i=2 to N 
If X(i)−X(i−1)>M then M:=X(i)−X(i-1) 
End loop 
Fig. 2. The context and the pseudo codes of Task 2. 
2.3.3. Programming in spreadsheet 
Spreadsheet is not usually considered a programming environment, but a user-friendly interface which even 
computer illiterate end-users would be able to use. However, it has been proved that this is not so (Warren, 2004; 
Sestoft, 2010; Csernoch, 2012). The high number of spreadsheet documents carrying errors (Panko, 2010; Tort, 
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Blondel & Bruillard, 2008) and the extremely long time required for the preparation of these documents (Van 
Deursen & Van Dijk, 2012) has proved that spreadsheet should be taken more seriously. Spreadsheet is a functional 
language, and this could serve as an introductory language due to its simplicity and the problems related to it. We 
chose these problems to reveal how students handle them, and beyond that they are closely related to the other two 
more traditional programming tasks, and so allow us to obtain comparable results. Tasks 3.1–3.3 should be answered 
with complete spreadsheet formulas. Task 3.4 is a decoding task with a double purpose: on the one hand, the results 
should be expressed in a natural language sentence, similar to Task 2; on the other hand, this complete formula 
would provide guidelines for solving Tasks 3.1–3.3. We wanted to see whether the students recognize the connection 
between these problems or not. 
 
Task 3.1 How many African countries are in the table? 
Task 3.2 What is the average population of those countries whose surface area is 
smaller than G1? 
Task 3.3 How many countries have a surface area greater than G1? 
Task 3.4 What is the result of the following formula? 
{=SUM(IF(B2:B236="Europe",IF(LEFT(A2:A236)="A",1)))} 
Fig. 3. Presenting Task 3, with the context, the questions to answer with spreadsheet formulas, and the code for decoding. 
2.4. The evaluation of the tasks of the TAaAS project 
The correction of Task 1 was unambiguous; the number of the correct answers had to be counted. However, both 
Tasks 2 and 3 required more serious consideration. To find out how the students approach these tasks, and how their 
algorithmic skills are developed we adapted the categories of understanding of the SOLO taxonomy to both the 
traditional and the non-traditional programming tasks. Considering the special environment of the tasks and the 
preliminary corrections, the following five levels of understanding are included: Ignored (1), Prestructural (2), 
Unistructural (3), Multistructural (4), Relational (5) (Biggs & Collins, 1982; Lister et al, 2006, Clear et al, 2008, 
Sheard et al, 2008, Tan & Venables, 2010). 
3. Hypotheses 
H1: The students’ selection of major indicates that their results are higher in the Informatics than in the 
Mathematics school leaving exams. 
H2: There is a connection between the students’ results in the test focusing on algorithmic skills and in their 
results in the school leaving exams. 
4. Results 
4.1. The results of the school leaving exams 
The comparison of the number of the participating students shows that most of the students take the Informatics 
school leaving exam, even though it is not compulsory (Table 2). The difference between the number of participating 
students and those who take the exam in Mathematics is due to students arriving from foreign countries and to 
uncompleted questionnaires (Table 1 and 2). However, the low number of the advanced level exams is remarkable, 
both in Mathematics and Informatics. The only exception is the SOE students’ Informatics exam at advanced level.  
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Table 2. The number of students and their results in the school leaving exams in Informatics and Mathematics 
 SOE SYE BIM Average 
school leaving exam (SLE) – intermediate level 
Informatics 84.1 (N=175) 
82.2 
(N=237) 
80.8 
(N=193) 
82.3 
(N=605) 
Mathematics 74.1 (N=277) 
71.4 
(N=265) 
74.4 
(N=252) 
73.3 
(N=794) 
school leaving exam (SLE) – advanced level 
Informatics 72.5 (N=127) 
66.4 
(N=37) 
55.7 
(N=16) 
69.7 
(N=180) 
Mathematics 68.1 (N=22) 
70.3 
(N=17) 
68.9 
(N=24) 
69.0 
(N=63) 
The comparison of the results of school leaving exams shows no significant differences between the majors, 
except in Informatics at advanced level. The comparisons of the pairs with the Kruskal-Wallis probes only found a 
difference between the results of the SOE and the BIM students in Informatics, at both levels. We can conclude that 
students start their tertiary CSI studies at the Faculty of Informatics with similar knowledge, both in Informatics and 
Mathematics, regardless of their majors. 
The results of the school leaving exams at intermediate level in Informatics and Mathematics show significant 
differences (Wilcoxon signed rank test SOE, SYE, BIM: V=1487, p<0.001, V=3386, p<0.001, V=3522, p<0.001, 
respectively). Consequently, the results in Informatics are significantly higher than in Mathematics, which proves 
our H1 hypothesis. Based on the results of the school leaving exams only two clusters were distinguishable: C1SLE 
and C2SLE with 56.4% and 43.6% of the students, respectively. Their results in Informatics are 87.74% and 
74.84%, in Mathematics 81.91% and 60.45%, respectively. Both the majors as categories and the clusters indicate 
that the school leaving exams are not able to distinguish between the students (Chi-square test: χ2(2)=3.82, p=0.148). 
4.2. Knowledge-based clusters 
Since the results of the school leaving exam do not show differences between the majors, we selected Task 1 to 
create knowledge-based clusters to see whether we could differentiate the students or not. With Task 1 we found 
four knowledge-based clusters: C1L–C4L, from the best group to the worst, respectively. With these clusters we can 
tell the students apart based on their results in the logical task (Fig. 4). The students who ignored or did not finish 
Task 1 belong to C4L, the best students to C1L, while C2L and C3L fall between these two. The question was how 
the clusters would differentiate between the students. The performance of C2L was found somewhat arbitrary; we 
could not find any characteristic feature for this cluster. However, C3L proved to have some limited knowledge. 
Those who belong to this cluster calculated the output almost as perfectly as those in C1L with A and B pairs of 
inputs; however, when one of the inputs was 0 they provided a 0 output, without considering the algorithm. 
In Task 2 the high number of Level 1 results (Ignored) is remarkable; however there are significant differences 
between the clusters; with the increase in the number of the clusters the students' results are significantly lower 
(Jonckheere-Terpstra Test: p<0.001 in all the three codes). The Mann-Whitney test proved that in all the three 
pseudo codes the adjacent clusters differ significantly (p<0.05), with the exception of C2L and C3L in Task 2.1, but 
even in this case the direction of the difference is the same as with the other pairs. Further analyses of the clusters in 
Task 2 revealed a similar pattern as that found in Task 1. C4L achieved the lowest level; most of these students stop 
at Level 1. The most frequent result for C1L in Task 2.1 is Level 5. Even in this group, both in Task 2.2 and 2.3, the 
number of students ignoring the tasks is higher than in any of the other levels. However, in Task 2.2 the second most 
frequent level is 5, while in Task 2.3 it is 4. In C2L and C3L the second most frequent level is 3. However, in 
Tasks 2.1 and 2.2, which are the easier tasks, more C2L than C3L students reach Level 5, while in Task 2.3, which is 
the most difficult, the results of C2L decrease with the increasing level of understanding, and from Level 3 the 
frequency of C2L is below C3L. This result is a further proof of the limited knowledge of C2L. 
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Fig. 4. The results of the clusters in Task 1. 
  
Fig. 5. The results of the clusters in Tasks 2 and 3. 
In general, the result of Task 3 is the lowest among the three programming tasks. The high number of the ignored 
problems in this task is remarkable in all the clusters, especially for Tasks 3.2 and 3.3, which are the generalizations 
of Task 3.1. Significant differences between the clusters were only found in Tasks 3.1 and 3.4 (Kruskal-Wallis 
probes, Tasks 3.1, 3.2, 3.3 and 3.4: χ2(3)=19.27, p<0.001; χ2(3)=8.67, p=0.034; χ2(3)=3.07, p=0.38; χ2(3)=25, 
p<0.001). However, a comparison of the pairs show only differences in Task 3.1 between C1L and C3L-C4L, and in 
Task 3.4 between C1L and C4L. Level 5 is achieved with the highest frequency only in Task 3.4, which is the 
decoding problem. In this problem C1L performs better than the other clusters, while there are hardly any 
differences between the other clusters. In the other tasks the most frequent levels are 2 and 3, and C1L is slightly 
better in Task 3.1 than the others. We can conclude that even the knowledge based clusters which worked well in the 
traditional programming environment are not able to distinguish between the different weaknesses of the students in 
spreadsheet. Based on the comparison of the results in the school leaving exams and the test, we have found that 
while our knowledge based clusters are able to distinguish the students’ levels of algorithmic skills, the school 
leaving exams do not have this feature. Consequently, we have to reject our H2 hypothesis. 
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5. Conclusions 
In the framework of the TAaAS (Testing Algorithmic and Application Skills) project we have tested the first year 
students of the Faculty of Informatics at the University of Debrecen, Hungary, focusing on the students’ algorithmic 
skills, and their level of understanding in traditional and non-traditional programming environments. We have 
realized that the students arriving at our faculty do not match the requirements set by our majors, in spite of the 
students’ high results in the school leaving exams. This contradiction leads to the high number of drop out students 
and failed semesters. 
The present article focuses on a comparison of the first year students’ results in the school leaving exams and in 
the TAaAS project. First of all, the low number of students taking the advanced level school leaving exams is 
remarkable (except with the SOE students in Informatics), consequently, we rely mainly on the results at 
intermediate level. The analysis proved that the results of the school leaving exams in Informatics are significantly 
higher than in Mathematics. This would explain the students’ low results in the different subjects in Mathematics in 
tertiary CSI education. It was also found that the majors do not show significant differences in their results, either in 
Informatics or Mathematics. Consequently, based on the school leaving exams only two clusters are recognizable, 
i.e. the school leaving exams seem an unsatisfactory to distinguish between the different levels of the students. 
Furthermore, the good results in Informatics suggest that the students start their studies in tertiary education with a 
high level of computational thinking. 
To find the sources of the contradiction between the entrance exam results of the students and their real 
performance in tertiary education we selected algorithm driven tasks in the TAaAS project. The students’ results in 
these tasks revealed that they have a low level of algorithmic skills and understanding of programming. 
The most successful task in the test, Task 1, was selected to create knowledge based clusters, and four well 
distinguishable clusters were recognizable; C1L–C4L, moving from the best to the worst. The best cluster is proved 
to be the best, while the worst is the worst in all the three tasks. Between them two clusters are also clearly 
distinguishable. C2L’s results seem rather arbitrary, while C3L is found to have limited knowledge. The 
characteristic feature of this type of knowledge is that until they reach their limit they achieve similarly good results 
to C1L, while with more difficult tasks they perform at the lowest level of understanding. 
Tasks focusing on the programming skills are able to distinguish the different levels of algorithmic skills and 
levels of understanding in programming. On the one hand, we can conclude that the system which relies heavily on 
the results of the school leaving exams when selecting students for Informatics courses does not serve its purpose. 
On the other hand, neither the Mathematics, and most unfortunately, nor the Informatics school leaving exam at 
intermediate level is able to measure the level of the students’ algorithmic skills. 
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